Obtaining real-time trajectories with high accuracy and high resolution of connected and unconnected vehicles with roadside LiDAR (Light Detecting and Ranging) sensors can highly benefit connected vehicle (CV) systems. In order to track vehicles with a roadside LiDAR sensor, the vehicle-corner point with the shortest distance to the sensor is usually used as the reference point since only parts of the vehicle can be scanned, but trajectory interruptions and speed errors caused by neglecting reference point switch were observed. With the movement of a vehicle, the reference point may switch from one corner point to another, especially at the intersection where it may switch more than once when turning left/right. Moreover, the vehicles with various lengths will increase the impacts of reference point switch on tracking. This paper proposes a tracking method considering reference point switch and occlusions for multi-vehicles at the intersection based on a roadside LiDAR sensor. In particular, reference point switch patterns are deeply explored and trajectory prediction for occlusions based on Kalman filtering method is developed. Then they are integrated into a global nearest neighbor (GNN) method for pairing reference points between frames. At last, the proposed method was validated by LiDAR data collected by a 32-channel 360-degree LiDAR sensor at the intersection of McCarran Blvd and Evans Ave in the city of Reno, Nevada, U.S. The new approach correctly captured switches of vehicle reference points and solved short-term occlusion issues to avoid trajectory interruptions, speed errors, and corner point misrecognitions.
I. INTRODUCTION
In recent decades, connected vehicle (CV) system has been regarded as one of the most hopeful solutions in the future to alleviate traffic congestions, enhance traffic safety, ensure travel reliability, increase transportation efficiency, improve traffic management, etc. Connected vehicles usually integrate many different sensors and communications, such as on-board, vehicle-to-vehicle, vehicle-to-road infrastructure, and vehicle-to-Internet, etc. However, current connected vehicles on road are very limited compared with unconnected vehicles. Even in the near future of CV system, there will still be connected and unconnected vehicles on roads [1] . Although on-board sensors of connected vehicles or autonomous vehicles can detect their surrounding The associate editor coordinating the review of this manuscript and approving it for publication was Dimitrios Katsaros . environment, the detection ranges are very limited and they are easily blocked by other vehicles (e.g., trucks, buses, etc.), trees, and buildings, especially at the intersections. How to build efficient communications between connected and unconnected vehicles becomes one of the urgent tasks for the CV system.
Roadside sensors are able to support the communications between connected and unconnected vehicles. Via roadside sensors, the real-time trajectory (e.g., location, speed, moving direction, etc.) of unconnected vehicles can be obtained and then be broadcasted to others by DSRC [2] .
Recently, the roadside Light Detection and Ranging (LiDAR) sensor has attracted more and more attention to track all road users at the intersections [3] - [7] , due to its perfect performance in providing high-accuracy, highresolution, 3D, 360-degree point clouds of all road users and the surrounding environment. The performance of LiDAR sensor has been validated by autonomous vehicles. It can work in the daytime as perfectly as at night, compared with camera which is affected heavily by light conditions. The higher resolution of LiDAR than radar can provide more accurate high-resolution micro traffic data of road users.
In terms of tracking vehicles based on a roadside LiDAR sensor, many works still remain to be done. Since a single LiDAR sensor can only scan parts of a vehicle, a corner point with the shortest distance to the sensor instead of a centroid point of the scanned points is usually used as the reference point of a vehicle for tracking, leading to a challenge that there are four corner points of a vehicle and the corner point with the shortest distance to the sensor may vary from one to another during the movements. It means that the reference point may switch between frames. Especially when a vehicle turns left/right at the intersections, maybe more than one switch will occur during the turning period. Without the consideration of reference point switch, there will be bias in tracking, speed calculation, and corner point recognition.
Here we take the tracking interruption as an example to illustrate the consequence without consideration of reference point switch. More detailed information can be found in the fourth part of this paper. The on-road vehicles' lengths can vary from 2m to 15m or more, since there are usually multiple classes of vehicles on roads, such as sedans, pickups, vans, trailers, buses, commercial vehicles, trucks, etc. If the reference point switches along the long side of a long vehicle (e.g., bus) between two frames (e.g., 1frame = 0.1s), the distance of the switched reference points may exceed the threshold for tracking, leading to the interruption of tracking.
Therefore, this paper is an attempt to explore the patterns of reference point switch at the intersection and propose a method of tracking various types of vehicles with reference point switch at the intersection based on a roadside LiDAR sensor to obtain accurate real-time trajectories frame by frame. Meanwhile, the issues caused by occlusions will be coped with as well.
II. LITERATURE REVIEW
With the development of connected vehicle (CV) system, the Light Detection and Ranging (LiDAR) sensor has been paid attention to. The LiDAR sensor is similar to radar, but it launches laser beams which can detect smaller objects with higher accuracy and resolution. The quality of the video at night is usually much poorer compared with that during the daytime [8] . And existing 2D pixel-based methods for camera data [9] - [12] may not be directly suitable for 3D point-based LiDAR data but they can inspire related research. Currently, there are two ways of use the LiDAR sensor for road traffics, namely, on-board and roadside.
The on-board LiDAR sensor means the sensor is installed on one vehicle, also called mobile LiDAR. The LiDAR sensor will collect real time point data around the vehicle and transfer the data to the onboard control platform to guide the vehicle. By this means, the vehicle can ''see'' clearly the surrounding environment. However, the detection range of the on-board LiDAR sensor is limited and the on-board sensor is easily blocked by large-sized vehicles and backgrounds (e.g., trees, buildings, etc.) at the intersections. The on-board sensor cannot easily see vehicles from cross directions at the intersection, especially when there are obstacles (e.g., trees, buildings, etc.) at corners. Moreover, it is impossible to install the LiDAR sensors on all vehicles nowadays due to the high price per unit. Even when the price decreases much, some drivers or some used vehicles may not support for installation. Thus, it is limited to obtain all vehicles' whole trajectories through the intersection [13] , [14] .
In order to get all road users' trajectories with high resolution and accuracy, roadside LiDAR sensor attracts more and more attention [3] - [7] . Roadside LiDAR sensor means the sensor is installed roadside to monitor all road users within the detection range all the time. Since it is fixed, the installation location can be optimized to have a better view of the intersection. By this means, it is possible to report real-time traffic states and extract all road users' trajectories at an intersection.
Tracking is referred to as detecting the same object in continuous frames to obtain the object's trajectory. For a pedestrian, a centroid point is usually used as the reference point [15] , [16] . But for a vehicle, a single LiDAR sensor can only scan parts of it due to its larger size. Instead of the centroid point, a corner point with the shortest distance to the sensor is usually used as the reference point. Using this type of reference point, an algorithm of tracking traffics at an intersection was developed based on one-channel LiDAR sensors [3] . The tracking accuracy was limited due to sparse points compared to the data from multiple-channel LiDAR sensors. With the reduction of the price of LiDAR sensor with multiple channels per unit, more researches were made to utilize cost-efficient roadside 16-channel LiDAR sensors to track vehicles [4] - [7] . The fundamental concepts and solution algorithms to accurately track pedestrians and vehicles at intersections were explored using roadside 16-channel LiDAR sensors [6] .
The commonly used methods for tracking include but are not limited to global nearest neighbor (GNN), Kalman filtering, multiple hypothesis tracking, deep learning approach, etc. based on the reference point of the object [14] , [17] - [19] . The GNN method is a basic method which searches the nearest neighbors for pairing, so the errors might appear if there are occlusions [7] . The Kalman method extends the GNN method with trajectory prediction for alleviating the impacts of occlusions [6] . The deep learning approach paid attention to the uncertainty in trajectory prediction [19] .
However, to the best of our knowledge, existing research paid little attention to reference point switch. With the movement of a vehicle, the corner point with the shortest distance to the sensor may switch in some frames, since there are four corner points of a vehicle, especially when a vehicle turns left/right at the intersections. And the distance between switched reference points differs a lot among various types of vehicles on roads. Therefore, this paper will shed light on tracking vehicles at the intersections based on a roadside LiDAR sensor with the consideration of reference point switch and occlusions to obtain accurate real-time trajectories, including location, speed, moving direction, reference point type (i.e., which corner point), etc. in each frame. The main contributions are summarized in below.
(a) Reference point switch patterns of vehicles at the intersection are generalized. By this means, we can know when a reference point starts to switch and how it switches.
(b) A framework of tracking vehicles at the intersection based on roadside LiDAR data is proposed by incorporating reference point switch patterns and trajectory prediction into the global nearest neighbor method. By this means, the impacts of reference point switch and occlusions on tracking can be captured.
(c) A trajectory prediction method is proposed based on Kalman filtering method with the consideration of reference point switch to cope with occlusions.
The next section of this paper will briefly introduce roadside LiDAR data and data pre-processing. In the fourth section, the methodology and algorithm of tracking vehicles with reference point switch at the intersection are described in details. Then, case study is presented and discussed in the fifth section. Finally, conclusions are made in the sixth section.
III. LIDAR DATA AND PRE-PROCESSING

Instead of installing the LiDAR sensor on a vehicle, roadside
LiDAR means the sensor is installed roadside to monitor the same place all the time. LiDAR data refers to point clouds in each frame. As shown in FIGURE 1, the raw LiDAR data records not only the points of road users, but also backgrounds, such as ground lines, trees, grasses, etc.
In order to track vehicles, data pre-processing like background filtering, object clustering and identification should be carried out in advance. Background filtering is to delete background points (e.g. trees, buildings, ground surface, etc.) which are mixed with road users' points in each frame [20] , e.g., the density based method [21] , [22] . By background filtering, only road users' points are left. But it is still hard to know which road user one point belongs to. The clustering step classifies the left points into several groups. One group means a road user. One of commonly used methods is a density-based spatial clustering of applications with noise (DBSCAN) method [6] . In terms of one group, object identification is to identify whether it is a vehicle or not, e.g., an artificial neural network based method [23] .
After above data pre-processing, each 3D-LiDAR-pointsbased vehicle will be projected onto the XY plain. And then a minimum bounding rectangle will be generated for each vehicle, no matter what class the vehicle belongs to, as shown in FIGURE 2. The blue points are LiDAR points projected onto the XY plain. The rectangle with black sides is a minimum bounding rectangle of a vehicle. Namely, one vehicle will be represented by a rectangle with four vertexes and four sides for tracking frame by frame. 
IV. VEHICLE TRACKING
The 10Hz LiDAR sensor is usually used in practice. For 10Hz LiDAR sensor, one frame means 0.1second. The high frequency of LiDAR data indicates that between two consecutive frames, the moving direction of a vehicle will not change too much and the moving distance of a vehicle will not too long. The two special characteristics of high-frequency LiDAR data are well utilized in this research for exploring reference point switch patterns and tracking.
The purpose of tracking is to get each vehicle's trajectory frame by frame, including location, moving direction, speed, reference point type, etc. Since a single LiDAR sensor can only scan parts of a vehicle, the corresponding rectangle may not be the actual boundary of the vehicle. The centroid point of the rectangle is not the actual centroid of the vehicle so that it may change a lot with the movement of a vehicle. But the vertex with the shortest distance to the sensor is relatively stable. So this point is usually used as the reference point of a vehicle for tracking. The attributes (e.g., location, timestamp) of the reference point are usually set as the values of a LiDAR point nearest to the vertex. This vertex is usually approximately regarded as a corner point of the vehicle. As a vehicle has four corner points, a reference point may be a left-fore, right-fore, left-rear, or right-rear corner point. With the movement of a vehicle, the reference point may switch from one corner point to another one. Recognizing reference point switch can help us know when the switch happens and identify which corner point the reference point is in each frame. That information is very important in improving tracking accuracy, drawing a vehicle's outline, predicting trajectory, estimating speed, etc.
A. REFERENCE POINT SWITCH
Here is an example to illustrate reference point switch for the vehicle turning right and going straight at an intersection, as shown in FIGURE 3. Note that to avoid the overlaps of vehicles in two consecutive frames, the vehicles in the figure are not in consecutive frames for a clearer illustration. Compared with the movements in the sections, movements at the intersections are more complex, that is not only going straight, but also turning left or right. Especially when the vehicle turns left or right, reference point switch may happen more than once, since the corner point with shortest distance to the sensor will change during the turning movements.
Taking FIGURE 3 as an example, we can see that if going straight (e.g. from 2-1 to 2-3), the reference point of the vehicle switches from the left-fore corner point to left-rear corner point. If turning right (e.g. from 1-1 to 1-3), the reference point switches twice, namely from right-fore corner point to left-fore corner point and then to left-rear corner point. Without consideration of reference point switch, it may lead to three major errors for tracking.
The first one is that the tracking may be interrupted. The reference points between two consecutive frames cannot be paired if the distance between them is larger than a threshold. Due to occlusions and vehicles' moving into/out of the detection ranges, some of the vehicles in the current frame may be different from those in the previous frame. If there is no threshold to limit the pairing, false pairs will appear. The threshold used in this paper is 3.5m, since the minimum distance of reference points between two lanes is usually not smaller than 3.5m. By setting the threshold as 3.5m, mismatching between lanes will be avoided. Of course, the threshold should be larger than the vehicle's moving distance per frame. As one frame is 0.1second for a 10Hz LiDAR sensor, 3.5m per frame refers to the moving speed up to about 78mph. It means if the vehicle's moving speed is smaller than 78mph, the threshold of 3.5m is applicable. The speed over 78mph only happens in some of interstate highways in United States. That is another issue out of this study's area. The speed limit in the case study of this paper is 50mph. However, during the tracking process, the moving distance is represented by the distance of reference points between frames. Affected by the reference point switch, the distance may be larger than the threshold, especially for some long vehicles. Usually, the lengths of vehicles (e.g., sedans, pickups, vans, trailers, buses, commercial vehicles, trucks, etc.) on roads may vary from 2m to 15m or more, except motorcycles. If the reference point switch is not considered for tracking, the trajectories of some vehicles will possibly be interrupted.
The second one is that speed jumps will come out. For example, in FIGURE 3, the reference point switches from left-fore corner point to left-rear corner point (i.e., from 2-1 to 2-2). The distance between two reference points will be shortened compared with the distance without switch, but the time intervals are the same. Thus, the speed in this frame will be extremely lower than that in other frames.
The third one is that reference point type will be misrecognized. Reference point type helps know reference point comes from which corner of the vehicle. Misrecognition of reference point type will possibly lead to traffic safety issues.
Therefore, reference point switch should be paid attention to. In order to find the patterns of reference point switch, we define the vertexes adjacent to the reference point as alternative points, as shown in FIGURE 4. Meanwhile, midpoints, foot points and the rays are also used and shown in the figure. The foot point is actually a perpendicular foot point. When a line is drawn from a point (e.g., the sensor) to a given line (e.g. the line passing through the alternative and reference points), its intersection with the given line is a perpendicular foot point. One property of the perpendicular foot point is that among the points on the given line, the perpendicular foot point is the closest to the sensor. Thus, compared with the alternative point, the reference point is always closer to the perpendicular foot point, since the point closer to the perpendicular foot point will be closer to the sensor. A midpoint is in the middle of the alternative and the reference points. Namely, the alternative and reference points are in two opposite sides of the midpoint. And the perpendicular foot point will be in the same side to the reference point or coincide with the midpoint. If the perpendicular foot point and the midpoint are in the same position, the alternative and the reference points will have the same distances to the sensor. Otherwise, the ray from the midpoint to the perpendicular foot point will always point to the reference point. Therefore, the change of the ray's directions can help judge reference point switch. Usually, in one frame, a vehicle will have 1 reference point, 2 alternative points, 2 midpoints, 2 foot points and 2 rays.
The ray's direction is related to the differences between the coordinates of foot point and midpoint. For simplicity, Since the reference point may switch along a long side or a short side, the direction changes for the two sides should be combined in exploring the patterns. By enumerating and analyzing all possible situations, the following patterns of reference point switch between two frames can be found. Suppose a vehicle runs from the frame i − 1 to the frame i, (a) the reference point doesn't switch, if
or
(b) the reference point in the frame i is the alternative point of the short side in the frame i − 1, if
(c) the reference point in the frame i is the alternative point of the long side in the frame i − 1, if
(d) rotate the long and short virtual points in the frame i − 1 to the next quadrants along the vehicle's moving direction (e.g. clockwise or anti-clockwise directions) and then judge the reference point switch according to (a-c), if
Note that if the vehicle is not parallel to the axis in two frames, we will have four inequalities as a combination to judge reference point switch patterns. Otherwise, some products will be zero. At this moment, just use the left inequalities to judge the patterns.
B. TRACKING METHOD
Since the reference point switch will affect tracking, this paper will incorporate reference point switch patterns into the tracking method.
According to the GNN method, dynamic tracking of vehicles frame by frame belongs to a 'pairing problem' within the area of dynamic programming. The points between two sets are paired based on the distance. In the traditional GNN method, only reference points are paired by assuming that the distance of reference points between two consecutive frames of a vehicle is the shortest. But the distance may not be the shortest if the reference point switches. Thus, this paper proposes that a set not only contains the reference points but also the alternative points in one frame. One reference point and two alternative points of a vehicle are combined. If one of the three points is paired, the three points are all marked as ''paired''. Moreover, not all points must be paired. Sometimes, in one frame, there will be start points of new trajectories, or end points of existing trajectories, or no points of a vehicle due to occlusions. Therefore, we will use the following state transition equation to generate paired points and then use other methods to handle unpaired points.
where A i is the set of reference and alternative points in the frame i; p and q are the sets of reference and alternative points of one vehicle in the frame i − 1 and i respectively; d(A i−1 , A i ) is the minimum distance of all paired points between the two sets; mdist(p 0 , q) is the minimum distance between the reference point p 0 in set p and the points in set q; dist(p 0 , q 0 ) is the distance between two points; β is the threshold (e.g., 3.5m in this paper). After pairing all feasible points in two sets, we will get many pairs of points. At the same time, we may get unpaired points in the previous or current frames.
For paired points, the next step is to check whether reference point switches or not using the above-mentioned method. If reference point switches, reference point type in the current frame will be different. Then use the corner point in the previous frame with the same type to the reference point in the current frame to calculate moving directions, speeds and accelerations.
where v i (qx) and v i (qy) are the speeds along the x-axis and y-axis respectively; a i (qx) and a i (qy) are the accelerations along the x-axis and y-axis respectively;t is the time interval (e.g., 0.1s in this paper); r i (q) denotes the type of the reference point q in the frame i; x i (q) and y i (q) are the XY-values of the point q in the frame i respectively. x i−1 (p, •) and y i−1 (p, •) are the XY-values of the corner point with type • of a vehicle whose reference point is p in the frame i − 1 respectively. For unpaired reference points in the previous frame, a discrete Kalman filtering method is employed to predict those points in the current frame. The Kalman filters are modeled on a Markov chain built on linear dynamical systems discretized in the time domain, where the errors caused by predictions and measurements are captured for prediction improvements [24] . At the intersection, in addition to a uniform motion, acceleration and deceleration happen often as well. Thus the accelerated speed is also an important variable for prediction. In a word, the variables considered in this paper include XY locations, the speeds and accelerations along x-axis and y-axis. The XY locations will have observed values, whereas speeds and accelerations are calculated by the above equation (11) . The accelerations are usually regarded as control variables. For example, for a vehicle with reference point p, its state matrix s i−1 (p) and control matrix u i−1 (p) in the previous frame i − 1 can be represented by
The Kalman filtering method includes two steps: prediction and update. For the prediction step, the predicted statê s i (p) in the current frame i can be obtained by the following prediction equation.
where the control matrix M and transition matrix B are
The corresponding predicted covariance matrixĈ i (p) can be obtained byĈ
where Q is the covariance of Gauss process noise. Then in the update step, we can get the Kalman gain:
where R is the covariance of measurement noise; H is the measurement matrix which can be formulated as
The updated state s i (p ) and covariance matrix C i (p ) can be obtained by
where L i (p ) = x i (p ), y i (p ) T is the measured values of XY locations of raw reference point which is the actual vertex of the rectangle. The Kalman filtering method starts from the first reference point of a new trajectory. All initial values can be zero. Gauss process noise and measurement noise should be adjusted empirically. Since the Kalman filtering method will smooth the data, in order to obtain the raw trajectory which is composed by raw reference points, the updated predictions of the locations of reference points in the following frames are not utilized if the reference points can be paired by the GNN method. Only when there are unpaired reference points in the previous frame, the updated predictions will be utilized in the current frame. At this moment, the predicted and updated values will be the same, that is s i (p ) =ŝ i (p ). Of course, if smoothed trajectory is preferred, Kalman filtering results can be utilized in each frame, where the paired reference points by GNN method serve as measured values. In this paper, we will explore the impacts of reference point switch in the following context so that raw trajectory is preferred.
Since the unpaired situation happens when the vehicle is blocked or moves out of the detection range in the current frame, there is no information to determine the type of that predicted reference point. So the type of the predicted point p is supposed to be the same to that of the reference point p. Then the predicted point will be used to pair the points in the next frame. If no real reference point is paired for several consecutive frames (e.g., 10frames in this paper), the tracking of this vehicle will be stopped and the predicted points of this trajectory will be deleted.
For unpaired points in the current frame, they will be regarded as the start points of new trajectories.
V. CASE STUDY A. DATA
A 10Hz Velodyne LiDAR sensor with 32 channels is used to collect the data at the intersection of McCarran Blvd and Evans Ave, Reno, Nevada, United States, from 17:30 to 18:30 on April 24th in the year of 2019. In the users' manual, the detection range is about 200m in radius. But it depends on the installing height of sensor and the surrounding terrains. In this paper, we use the data within 80m in radius. The speed limits on McCarran Blvd and Evans Ave are 50mph and 25mph respectively. The directions with number of lanes at this intersection are listed in TABLE 1 (W: West; E: East; S: South; N: North). Since there are no shared moving directions of lanes, each lane represents one direction. The sensor is installed on a pole at the south-west corner of the intersection, as shown in FIGURE 5 . The fore 30minutes' data are selected for training the parameters. The left 30minutes' data are used for testing the performance of tracking vehicles. The collected data in each frame should be pre-processed before tracking. FIGURE 6 shows the raw data and the data after pre-processing in one frame in a ground plane. We can see that background points are all detected and each cluster of points is one road user. Only the vehicles which are identified from the clusters are tracked. It should be noted that the LiDAR sensor has its own coordinates system. The Y-axis is not towards the north when installing, so we mark W, E, S, and N in FIGURE 6 corresponding to FIGURE 5.
B. RESULTS
By tracking, the trajectory of each vehicle frame by frame can be obtained. Based on the proposed method, all vehicles' FIGURE 6. The raw data and data after pre-processing. trajectories in half an hour are plotted in a ground plane, as shown in FIGURE 7. Totally, there are 1138 pieces of trajectories detected. It means there are 1138 vehicles moving through the intersection during the half an hour based on the proposed method. Compared with 1102 vehicles through the intersection counted manually in Veloview (i.e., the software for watching LiDAR data), the accuracy is about 96.73%. The reason of more trajectories detected is that some vehicles are blocked for more than continuous 10 frames (i.e., the threshold we used for prediction) so that a vehicle's trajectory is separated into two parts. Of course, if more accurate results are required, a deeper research can be done to connect broken trajectories.
For each inferred trajectory (IT), the accuracy is evaluated based on Track Matching Error (TME), ID Change (IDC) and Accuracy Rate (AR) [25] , [26] . The Ground Truth (GT) of each vehicle's trajectory is obtained by manually selecting the reference points from Veloview. The TME is used for checking the accuracy of the locations of extracted reference points. It is an average distance between the IT-based and GT-based reference points. The IDC is to check the continuity of the trajectories. By matching with each GT-based trajectory, the inferred trajectories belonging to the same vehicle are grouped. The group size minus one is the IDC of one vehicle. The average IDC for all vehicles is listed in the following table. The AR is to check the degree of the GT-based trajectory overlapped by the inferred trajectories. The AR is the ratio of the overlapped length to the GT-based length. An average value of AR is listed in the table. For the equations and more detailed information, please refer to the literature [25] , [26] . Note that only the fore 100 vehicles are used for evaluation, since it is a time-consuming task to generate GT of each vehicle.
In addition to the proposed method, the trajectories generated by the Kalman filtering method and GNN method are also evaluated for comparisons. The GNN method is a basic method, but it cannot handle occlusions and reference point switches. The Kalman filtering method extends the GNN method for alleviating the impacts of occlusions, but it still cannot cope with reference point switch. The proposed method extends the Kalman filtering method by considering reference point switch. Therefore, by comparing the three methods, the impacts of occlusions and reference point switches can be identified clearly. The evaluation results are exhibited in the following TABLE 2. The TME in this paper is to evaluate the accuracies of raw reference points generated automatically by the methods compared with the actual reference points observed manually in the Veloview. For the inferred trajectories of the 100 vehicles, there are 6542 reference points in total.
About 6441(98.45%) reference points coincide with the GT-based reference points for the proposed method. The errors of other 1.55% reference points are mainly caused by data pre-processing. For example, for the vehicles near to the detection boundary, sparse data points will be obtained. The actual corner point of the vehicle may be deleted after background filtering and clustering. The table shows that TME is really low, which means the accuracies of reference points' locations are really high. Since the three methods utilize the same raw reference points (for Kalman filtering method, they are referred to as the measured values), the TMEs are the same.
For the 100 vehicles, there are 105, 109 and 116 trajectories generated by the proposed, Kalman filtering and GNN methods respectively. For the three methods, there are 96, 93 and 88 vehicles with 0 IDC, 3, 5 and 8 vehicles with 1 IDC, 1, 2 and 4 vehicles with 2 IDCs. The average IDCs for the three methods are 0.05, 0.09 and 0.16 respectively. The IDC is usually caused by the interruptions due to occlusions and reference point switches. The proposed method can significantly improve the continuity of each trajectory.
By comparing the inferred trajectory with the GT-based trajectory, the overlapped length of each inferred trajectory can be obtained. If a vehicle has more than one inferred trajectories, the total overlapped length of a GT-based trajectory is the sum of the overlapped length of all inferred trajectories belonging to the same vehicle. Then the ratio of the overlapped length to the entire length of the GT-based trajectory is the AR of the vehicle. The average ARs are 97.74%, 97.34% and 93.60% respectively. The proposed method has the largest AR, meaning that more GT-based trajectories are overlapped by inferred trajectories from the proposed method.
Above evaluations are derived from trajectory level and only parts of the data are evaluated. To have a global view of all data, an aggregate-level evaluation is also implemented in this paper. Specifically, traffic flow volumes are estimated and evaluated. The traffic flow volumes in each lane are counted manually in the Veloview as actual values. And the trajectories in each lane generated by tracking methods are counted as detected traffic volumes. The results are displayed in FIGURE 8. And the accuracies of the three methods are listed in TABLE 3 by Mean Absolute Error (MAE) and Mean Absolute Percent Error (MAPE) respectively.
In FIGURE 8 , we can see that the detected traffic volumes by the proposed method are the closest to the actual values in each lane, while the GNN method generates the worst results. More detailed comparisons of the accuracy can be found in TABLE 3. AE means absolute error which is used to compare the absolute difference between two values. APE means absolute percent error which is to compare the relative difference between two values. On average, the MAPE (MAE) caused by the proposed method, the Kalman filtering method, and the GNN method are 3.28% (2.4), 7.44% (5.87), 13.87% (11.27 ). Apparently, the proposed method is the best, followed by the Kalman filtering method, whereas the GNN method is the worst.
C. DISCUSSION
Compared with the GNN method, Kalman filtering method has better accuracy in both trajectory-level and aggregatelevel evaluations. It indicates that the occlusion is a great problem for tracking. Actually, many vehicles are possibly blocked for a while by other vehicles. Kalman filtering method will predict the trajectory to solve the occlusion for a while, but the GNN method cannot handle this issue.
Then comparing Kalman filtering method with the proposed method which is an extension of Kalman filtering method by considering reference point switch, the proposed method is better because some large-sized vehicles will pass through the intersection. If their reference points switch, the trajectories are possibly interrupted based on the Kalman filtering method due to the much larger distance between the switched reference points than the searching threshold of tracking. Therefore, reference point switch should be considered in tracking. To further illustrate the impacts of reference point switch, trajectory continuity and speeds are taken as examples for analysis.
1) THE IMPACTS ON TRAJECTORY CONTINUITY
The impacts of reference point switch on trajectory continuity are shown in FIGURE 9. Different colors represent different trajectories. Different markers represent different reference point types. A truck with about 17m in length turns left in the intersection. During the movements, reference point switches twice, namely from left-fore corner to right-fore corner, then to right-rear corner. The twice switches are circled in the figure, where the smaller circle is the first time switch. For the first time switch, since it switches along the short side of the truck, Kalman filtering and GNN methods can pair the switched two reference points. But they failed to connect the two reference points for the second switch which switches along the long side, as shown in the second graph in FIGURE 9 for two colors. But the proposed method captures the second switch successfully as shown in the first graph in FIGURE 9 for one color.
2) THE IMPACTS ON SPEEDS
Even if the trajectory is not interrupted, speed error and reference point type misrecognition still exist without consideration of reference point switch. The vehicle's moving speed is derived from the locations and timestamps of two reference points. The accuracy of speeds will be similar to that of reference points. Since the reference points have been evaluated by TME, this paper will not evaluate speeds here, but focus on the analysis of the impacts of reference point switch on speeds. Usually, the speeds directly derived from LiDAR data fluctuate a lot due to the random disturbance of LiDAR laser beams. Since Kalman filtering method will smooth the data, the impacts will be clearer by comparing the raw data generated by the proposed and GNN methods. The comparisons of speeds are shown in FIGURE 10. In this case, a passenger car with about 4m in length goes straight to cross the intersection. In the detection range of the LiDAR, this car is not blocked. Reference point switches once when the speed is about 13.5mph. The distance of the switched two reference points is about 3.4m smaller than the threshold (e.g., 3.5m). Thus, the trajectory is not interrupted for the two methods. As shown in FIGURE 10, all speeds from the two methods are the same, except when the reference point switches. At that moment, the speed jumps to 76.06mph for the GNN method which doesn't consider the switch. By using the proposed method which considers the switch, we can get a speed value of 13.5mph instead of 76.06mph in this case, the same to the exact value. It means the proposed method can avoid speed jumps affected by reference point switch.
VI. CONCLUSION
Roadside LiDAR sensor is an advanced tool to provide real-time high-resolution micro trajectories of unconnected vehicles so as to benefit the communications between connected and unconnected vehicles. The trajectory is usually generated by tracking each vehicle frame by frame to get the real-time location, speed, moving direction, reference point type, etc. Since one roadside LiDAR sensor can only scan parts of a vehicle, the corner point of the vehicle with the shortest distance to the sensor is usually regarded as the reference point to represent the vehicle for tracking. With the movements of the vehicle, the reference point may switch from one corner point to another, especially at the intersection where reference point may switch more than once. Meanwhile, various classes of vehicles on roads should be tracked together. Different vehicles may have different lengths, leading to significant differences of the distances of switched reference points. Too long distance may cause the interruption of tracking. Moreover, the distance of switched reference points is not the actual moving distance, which will result in speed jumps. However, existing researches on tracking based on the LiDAR sensor have not paid attention to reference point switch.
This paper proposes a tracking method considering reference point switches and occlusions for all vehicles at the intersection based on the roadside LiDAR sensor. By exploring the relationships of a vehicle's orientation, location, and moving direction, reference point switch patterns are captured. By predicting trajectory in blocked area based on Kalman filtering method, the occlusion issues are alleviated. Based on the data collected by the Velodyne VLP-32 LiDAR sensor at an intersection in Reno, Nevada, USA, the proposed method is evaluated. The results show the superiority of the proposed method over the GNN method and Kalman filtering method.
The proposed method is an extension of Kalman filtering method by considering reference point switch. The impacts of reference point switch on the complexity of vehicle's movements at the intersection and the mixed traffics of all vehicles are well captured.
In the future, tracking the vehicles blocked for a long time should be deeply studied. And the application of the proposed method in more intersections should be tested.
